Previously the National Health and Examination Survey measured physical activity with an accelerometer worn on the hip for seven days, but recently changed the location of the monitor to the wrist.
Introduction
Accelerometer-based measurements of physical activity and sedentary behavior play an increasingly important role in observational and experimental studies evaluating habitual physical activity. Most of these data have been collected with an accelerometer worn at the hip and typically for a period of seven days. The National Health and Nutrition Examination Survey (NHANES) previously relied on an accelerometer worn on the hip to measure physical activity and sedentary behavior (43) . The NHANES investigators recently made a decision to measure physical activity with an accelerometer on the wrist instead of the original hip location. Early results indicated data collection on the wrist has greater user acceptability, assuming this leads to greater compliance to the protocol (44) . The measurement from the accelerometer output typically has been a summary of motion (counts), and calibration studies have shown the relationship between counts and intensity of activity (sedentary, light, moderate and vigorous intensities) or activity energy expenditure (AEE) (7, 15, 29) . Calibration of the Actigraph (Actigraph, Pensacola, FL) -the accelerometer used in NHANES -has been conducted using the hip location as the measurement standard. Several studies have evaluated accelerometers at other locations such as the wrist (5, 34, 37, 41) or ankle (14) , but until recently (45) , no studies used contemporary calibration methods for estimating activity intensity thresholds and AEE from measurements made at the hip compared to the wrist. Zhang and colleagues examined the use of multiple features extracted from a raw signal from accelerometers on the hip and wrist to classify activities into one of four categories, but they did not compare the ability of the accelerometers placed at the hip or the wrist to predict AEE (45) .
Epidemiological studies increasingly rely on data from accelerometers for physical activity and sedentary behavior measurement. Until recently, the two most studied variables determined from accelerometer-based data were time spent in moderate to vigorous intensity physical activity (MVPA) and AEE. Time spent in sedentary behavior, measured through accelerometry, is now considered as a separate health risk (16, 17, 35) . More minutes spent in MVPA as measured by an accelerometer on the hip are related to lower risk of a variety of cardiovascular and metabolic disease biomarkers and clinical events (1, 11, 39) . Similarly, sedentary time is associated with increased risk of mortality from all causes and cardiovascular disease (25) , waist circumference and metabolic risk (21) . When both sedentary time and MVPA are measured and controlled for, sedentary time and MVPA are separately related to an increase in biomarkers for breast cancer (28) and metabolic syndrome (23) . Since there are no current calibrations for accelerometers worn on the wrist for either MVPA or sedentary behavior, this study evaluated the current methods used for hip accelerometer calibration and applied them to the wrist.
Linear regression has been the most common method to create an AEE prediction model from accelerometry data, but a more accurate method for estimating AEE on data from the hip uses the accelerometer signal to classify activity into an "activity type." Crouter and colleagues used a coefficient of variation from the accelerometer counts to separate activities into different types or categories before using regression methods to predict energy expenditure (6) . Ambulation produces less variation in the signal than activities of daily life such as self-care, household chores or other free-form activities. This allows an intensity prediction model to be built on ambulatory activities separate from other activities, improving AEE estimates. There are no studies to our knowledge that have attempted to perform similar calibration methods using accelerometer data collected from the wrist, as well as the hip. One study did compare wrist and hip sites for predicting AEE, but it used different methods and activities (34) . A sedentary behavior threshold of < 50 Actigraph counts was used in the Crouter method, but this threshold was not determined analytically.
Since the CV method was introduced, a sedentary threshold was established using Actigraph data from the hip, and that method was replicated in this study (35) .
This report compares the hip and wrist accelerometer placement locations using common calibration methods for establishing activity intensity thresholds and estimating AEE. A second comparison is made to determine the ability of the accelerometer worn at the hip or wrist to identify sedentary behaviors.
Methods

Participants
Thirty-seven adults ages 18 -74 years were recruited from the Stanford, CA community. Stanford University's Human Use Committee approved the protocol, and written informed consent was obtained from all subjects before participation. Participants were asked to visit the clinic once to perform a variety of laboratory-based and simulated daily activities. All participants were generally healthy with no medical conditions that would prevent moderate intensity exercise.
Measurements
Participants first completed the Physical Activity Readiness Questionnaire (38) and the Stanford Brief Activity Survey (42) . Resting heart rate and blood pressure, waist and hip circumference, body height, and weight were measured using standard methods prior to fitting the participant with the testing equipment. Oxygen uptake and related variables were measured with a portable metabolic system (Oxycon Mobile, Cardinal Health, Dublin, OH) attached to the torso and custom accelerometers (Wockets)(24) were used to measure motion, worn on both the hip and the wrist. A detailed description of the Wockets and the activities performed is included below.
Equipment
Subjects wore the Oxycon Mobile portable metabolic device to measure the energy cost of activities through indirect calorimetry. The device has a specially designed harness to hold the two processing units tightly to the torso with the sampling and volume measurements made through lines attached to a mask worn over the subject's nose and mouth. The Oxycon Mobile unit was warmed up for 30 minutes prior to each test session and calibrated according to the manufacturer's instructions. Data were measured, stored and reported on a breath by breath setting, and energy expenditure was determined from the VȮ 2 VĊO 2 , and volume of expired air measurements according to the manufacturer's equations. Data were monitored via telemetery during the test on a laptop computer and also downloaded from the removable storage disk attached to the device after the activities were completed.
The Wockets system consists of a custom-built accelerometer-based device communicating wirelessly to a mobile phone. Raw motion data was collected from the accelerometers at 90 Hertz and summarized as described below. The Wockets are small (43 mm × 30 mm × 7 mm), light weight (13 g) and include a triaxial accelerometer, small circuit board, Bluetooth radio, and rechargeable battery. Custom Velcro bands were used to hold a Wocket to the dorsal aspect of the dominant wrist midway between the radial and ulnar process. The Wocket worn on the dominant hip was held in a small pocket attached to a belt worn around the waist, then for security, the whole band and pocket were wrapped under a wide Velcro waist strap. The mobile phone used in this version of the system was an HTC Diamond Touch running a windows mobile operating system. A more detailed technical description of the Wockets can be found on the website (http://wockets.wikispaces.com) (24) . The Wockets system is open source technology, and information on downloading and using Wocket software technology is also available on the previously mentioned website.
Activities
Participants completed a combination of laboratory-based sedentary and physical activities followed by selected simulated daily activities. Activities were classified into four categories: sedentary behaviors (lying, sitting, reading a book, working at a computer, sorting paper), cycling (indoor and outdoor), ambulation (treadmill, carrying a box, and natural walking), and lifestyle (painting a wall, sweeping the floor, folding laundry). Each subject performed approximately 20 activities. Only activities with sufficient time to reach a metabolic steady state were included in this analysis. A time to reach metabolic steady state was defined by the intensity and the sequence of the activity within the protocol.
Data Processing
After completing the testing session, data were downloaded from the individual devices, processed, combined and then imported into a database for analysis. Wocket data were transmitted wirelessly from the accelerometers to the mobile phone during the data collection period. After the data collection period, the mobile phone was connected to a laptop computer and the files were transferred. A custom time synchronization program was run on both laptops and the mobile phone to ensure that the data could be temporally aligned from all of the devices for each second of data collection.
Data were condensed to averages of the steady-state period for each activity, and individual data for each activity were listed together to create the final dataset. At the same time, the coefficient of variation of the accelerometer signal was calculated from the change in counts over time according to the method defined by Crouter and colleagues (6, 7) . Because the accelerometer data were provided in three axes, the axes were summed for both counts and coefficient of variation.
Data Analysis
All data processing was completed using custom software developed by engineers at the Massachusetts Institute of Technology and Northeastern University, and can be found at http://wockets.wikispaces.com/. The first piece of custom software was a time sync that allowed all of the devices to start at the same clock time, down to the millisecond. The second piece of custom software allowed voice recordings that annotated the activities to be converted into a text file that aligned the instant the annotation button was compressed with the label for each specific activity. A third program then pulled all of the data files downloaded from individual devices into a data file that created a second-by-second visualization and merging of the data with annotations. A thorough checklist was used to identify and correct any errors in timing, downloading or data collection before the data were condensed. A fourth software package then summarized the data by activity for the steady-state period. At this point, data were combined into one dataset for all subjects and all activities.
Because raw data from the accelerometers were collected, included below is a description of how raw data were converted to activity summary counts similar to the output produced by the Actigraph. Each Wocket output synchronized raw, triaxial ±2g accelerometer data, sampled at 90 Hz. These raw data were converted to a similar motion summary count using an area under the accelerometer curve calculation, as follows. To correct for the effects of static acceleration from gravity on the raw signal, a lowpass filter was applied to each axis of the raw signal using a moving average computation (i.e., at each time point subtracting the mean value of the signal from the prior 5 seconds). The filter calculation is: [1] where x t is the accelerometer data at time t, y t is the filtered output at time t, and h is the number of samples in the last 5 seconds including the current sample. Each second, the signal was then integrated to obtain the area under of the curve of each axis for each sensor. The calculation for the area under the curve (AUC) is: [2] where t is a particular second, x i is the accelerometer reading for sample i, y i is the filtered reading for sample i (removing the effects of gravity), and the integration is done on all samples that belong to t. The values from individual axes for each sensor are then summed to generate a motion summary count for each Wocket.
Statistical analyses were conducted using a combination of methods to evaluate the ability of accelerometer-based data to first classify activity intensity and then identify activity type (sedentary, ambulation, and other) to assist AEE prediction models. Both models of activity intensity and activity identification include sedentary behavior. The definition of sedentary behavior used in this report is derived from a generally accepted sedentary definition by Owen et al. (31) that includes both sitting and low levels of energy expenditure (<1.5 METs). Unfortunately, using an accelerometer on the hip or wrist cannot accurately determine posture, so for the purpose of conducting statistical analyses, sedentary behavior is based on low levels of energy expenditure (<1.5 METs). For activity intensity analysis determining thresholds, moderate to vigorous physical activity is also defined in terms of METs, (≥ 3.0 METs). Accuracy in identifying activity intensity is therefore defined as the ability of the accelerometer to classify activity into sedentary, light-intensity (1.5-2.9 METs) or MVPA.
Other analyses conducted in this paper are directed at identifying three specific groups of activities to improve AEE estimates. These analyses included identifying sedentary behavior (activities < 1.5 METs), ambulation, and other (non-ambulatory) activities. Using these three activity types has been shown to produce a 2-regression model that is more accurate at predicting AEE than a single regression, at least at the hip (7). For sedentary behavior identified from a low number of counts, 1 MET was the assigned predicted value. After using logistic regression to separate the remaining activities into ambulation and nonambulation, mixed model analyses were conducted on the two groups of activities to produce the 2-regression model. Mixed model analyses was used to account for both fixed and random effects, in this case to account for the effects produced using multiple activities per subject.
All statistical analyses were conducted using SAS (SAS Institute Inc, Cary, NC, version 9.2). The analyses were organized into four analytical techniques to answer a variety of questions based on the accelerometer and indirect calorimetry output:
1. Simple regression comparing energy expenditure to counts for both wrist and hip data.
Receiver operating characteristic (ROC) curves (logistic regression)
a. Threshold in counts between sedentary behavior and physical activity b. Threshold in counts between MVPA and other activity c. Threshold in CV for the accelerometer signal between ambulatory and non-ambulatory activities.
d. Statistical comparison of the hip and the wrist for the above classifications to test for significance using the method of DeLong et al. (8) 3. Mixed model analysis was then used to create the 2-regression models.
4.
Leave-one-out cross validation to test the AEE model on each subject.
The analyses were planned according to the best methods known to evaluate summary data.
Results
Each of the 37 subjects provided accelerometer and steady-state AEE data for 20 activities. The men (n=13) had an average age of 39 years, height of 179 cm, and weight of 82 kg. The women (n=24) had an average age of 38 years, height of 164 cm, and weight of 64 kg. The average body mass index (BMI), in kg/m 2 for men was 25 and for women it was 24.
Activities were classified as sedentary, ambulation, lifestyle and cycling based on observation by staff conducting the testing. Figure 1 provides individual data and illustrates the relationship between accelerometer counts and measured AEE for the hip (A) and wrist (B), with the R 2 value for the relationship being 0.52 for the hip and 0.13 for the wrist. This value for data from the hip is similar to what other investigators have reported (41) and the results for predicting AEE for accelerometer data collected on the wrist are quite variable when using very different calibration protocols (5, 41) . Studies using ambulation only results in higher R 2 values on the hip, but Figure 1 includes sedentary and lifestyle activities as well as cycling which are known to reduce the prediction of AEE from accelerometer counts on the hip.
In addition to counts, this analysis explored using the coefficient of variation (CV) to separate activity type and improve estimates of energy expenditure. Following the method of Crouter and colleagues (6), the activities were separated into sedentary behaviors, ambulation and other activities (non-ambulation). Figure 2A presents the CV for data from the hip plotted vs. counts on the hip. Figure 2B is a similar plot for the wrist data. The data are more scattered from the wrist, but more importantly, note for the hip, the grouping of ambulation activities (open circles) for a range of counts at a low CV, where there is no such grouping on the wrist. Since more accurate AEE predictions can be made when ambulation is separated from other activities, it is apparent that there will be a greater number of misclassifications in activity type on the wrist when using the CV to do activity typing. A comparison of the AEE predictions with and without activity typing is presented below.
Since sedentary behavior has become an important health predictor separate from MVPA, the objective measurement of sedentary behavior was explored in this analysis. Sedentary activities were previously separated from other activities by observation (6), but logistic regression used to produce ROC curves will balance the ability of different thresholds in accelerometer counts at predicting sedentary behavior. This method was used previously, to create a sedentary threshold on data from the Actigraph worn on the hip (35) . Figure 3 illustrates the ability to identify sedentary behavior from the A) hip and wrist for all activities and B) hip and wrist for all activities except cycling. A higher area under the curve (AUC) is preferable, and a higher AUC is seen for the hip (0.917) compared to the wrist (0.737), and the hip was a significantly better predictor of sedentary behavior than the wrist (p<0.001). The specificity and sensitivity for identifying sedentary behavior, including all activities, were 86% and 92%, for the hip and 32% and 89% for the waist.
Similar to finding a threshold in the counts for identifying sedentary behavior, a threshold in the CV can be used to separate ambulatory from non-ambulatory activities. Figure 4 shows the results of producing a CV threshold for both the A) hip and wrist for all activities and the B) hip and wrist for all activities except cycling. Again, a significantly (p<0.001) higher AUC is obtained for the hip (0.747) than the wrist (0.603). This resulted in a sensitivity and specificity for the hip of 78% and 49% when no cut point was defined for the wrist. For the activity identification presented using these thresholds to separate activities into 1) sedentary, 2) ambulation and 3) non-ambulation, the hip had a total accuracy of 76%, while the wrist had an accuracy of 69%. This accuracy value on the wrist is somewhat inflated because all of the non-ambulatory activities were correctly classified while none of the ambulatory activities were correctly classified because there was no separation.
One way to use accelerometer data is to determine the type of physical activity performed, but often studies have classified activities into intensity categories such as time spent in MVPA or time spent in sedentary behavior. Logistic regression was used to produce ROCs for separating (MVPA) from other activities (light-intensity activity and sedentary behavior). The sensitivity and specificity for identifying MVPA using data from the hip were 52% and 84%, while from the wrist they were 12% and 93%. The hip accelerometer had 62% total accuracy for identifying activity intensity thresholds, whereas the wrist resulted in 41% total accuracy. The hip was significantly better at identifying MVPA (p<0.001).
In Figure 5 , Bland-Altman plots are presented to show the difference in error for predicting AEE between the hip and the wrist with and without cycling. Sedentary behaviors are excluded from this analysis because they were all assigned a 1.0 MET value. The mean error (± standard deviation) for the hip was 0.55 (± 0.55) METs whereas for the wrist it was 0.85 (± 0.93) METs for all activities except cycling. When cycling is included in this prediction model, the mean error for the hip increases to 0.79 (± 0.80) METs, as does the mean error for the wrist to 1.17 (± 0.95) METs. For reference, when these models are tested without activity typing, the error increases in the hip (0.86 ± 0.80 METs), but not at the wrist (1.17 ± 1.44 Mets).
Discussion
In this study we compared data from a triaxial accelerometer worn on the hip with data from a similar accelerometer worn on the dominant wrist in men and women performing 20 common and well-defined physical activities. A majority of the data published from major studies evaluating physical activity using accelerometry is based on summary data (counts) from the hip (9, 11, 18, 28) . Thus, we decided that it would be informative to investigators and practitioners who measure physical activity to use summary data and frequently used analytical procedures in comparing data acquired from the wrist versus the hip. Our primary goals were to determine the ability of data from the wrist and hip to (1) estimate AEE and (2) classify physical activities into specific activity categories; sedentary versus nonsedentary; ambulatory versus non-ambulatory and MVPA versus other activities.
Estimation of AEE
Based on data from all activities expressed as counts, values from the hip were more highly correlated with measured AEE than values recorded from the wrist (R 2 = 0.52 versus 0.13). Also, the two-regression prediction model for AEE resulted in an average difference of 0.55 (±0.55) METs for data from the hip and 0.82 (± 0.93) for data from the wrist (excluding cycling). These results were expected given the general consensus that an accelerometer located nearer the center of the body's mass (on the trunk) provides better estimates of AEE during large-muscle dynamic activities than data from an accelerometer located on the wrist. Similar AEE predictions have been obtained by measuring motion on the hip and other trunk locations (15, 41) . When walking, jogging or running on the horizontal and the arms are swinging free, an accelerometer on the wrist can provide reasonably accurate information about AEE (4, 5, 45) . But, if the wrist is constrained from free movement during ambulation, such as when carrying a briefcase or cup of coffee, talking on a mobile phone, or pushing a grocery cart, the characteristics of the signal from the accelerometer will be very different from when the wrist is not constrained even though the AEE will be quite similar. Also, the motion at the wrist can represent movement of just a small mass (arm/ forearm) such as arm movements when sitting or it can represent movement of a large body mass such as when walking or running. The future of AEE prediction from wrist motion likely lies in accurate activity type classification using multiple features of the raw data (4).
The Crouter method for estimating energy expenditure from accelerometers is one way of using a basic feature of the accelerometer signal to improve estimates while not requiring extensive computing power to extract additional features from the signal (2, 33, 37, 40, 45) . This will be important in the future in mobile intervention technologies that must perform real-time signal processing to enable feedback to the user when lifestyle physical activity decisions are being made. Activity classification using several features of the accelerometer signal and mixed modeling for energy expenditure prediction seemed like a reasonable compromise, and it worked quite well on the hip.
Comparisons of AEE estimations based on accelerometer data from wrist versus hip in adults have been reported previously (5, 30, 41) with substantially varying results regarding data from the wrist. Melanson and Freedson evaluated the validity of estimating AEE during walking and jogging on a treadmill using CSA accelerometers on the hip, wrist and ankle in 28 young men and women. With increasing treadmill speed but not increasing grade estimations of AEE were similar using data from the hip, wrist or ankle with the highest single accelerometer R 2 of 0.86 obtained using a multiple regression including wrist data and BMI. Swartz and colleagues using linear regression obtained an R 2 of 0.03 for estimating AEE from the wrist and an R 2 of 0.32 for the hip in 70 men and women performing from 7 to 12 common activities (41). Chen and colleagues had 60 women perform a variety of common activities while in a calorimetry chamber and wearing an accelerometer on the hip (Tritrac R3D) and wrist (Actiwatch). Using nonlinear regression models they obtain better estimates of AEE from the hip (R 2 = 0.81) than the wrist (R 2 = 0.53), but both substantially higher than the results by Swartz. The GENEA accelerometer worn on the wrist and multiple logistic regression were used to estimate AEE compared to values obtained from doubly labeled water over approximately 8 days in Swedish women who were non-pregnant or pregnant (44) . In non-pregnant women (N = 48) the accelerometer data explained 19% of AEE in the leave-one-out cross validation, while in the pregnant women (N = 26) only 11% of the AEE was explained. In youth, AEE estimations from an Actiwatch accelerometer worn on the dominant wrist and multiple linear regression obtained an R 2 of 0.72 for 8 commonly performed activities. No comparison was made with data collected at the hip (10).
So far only a limited number of studies have compared predicted versus measured AEE using advanced feature extraction and machine algorithms such as artificial neural networks based on accelerometer data collected at the hip (36, 40) . None of the reports using these advanced analytical procedures on data collected at the wrist have estimated AEE; they have predicted physical activity type and intensity categories (2, 3, 13, 32, 45) .
Identification of activity intensity thresholds
A major objective for accelerometer data analyses in many studies has been to predict amount of time spent in activities of different intensities, and this study evaluated intensity thresholds for both hip and wrist data. Better classification of activities into sedentary, lightintensity and MVPA was achieved using data from the hip then from the wrist. The magnitude of the intensity category predictions for data collected from the hip in this study are quite comparable with prior studies using similar data collection protocols and analytical procedures (22, 41) . More recently studies have been published evaluating accelerometers placed on multiple body locations including the wrist to classify activities into categories usually based on intensity using advanced data extraction and analytical procedures. For example, Bao and Intille recorded raw data from wireless biaxial accelerometers placed on 5 body locations and had 20 subjects perform 20 different activities. The major objective was to determine which combination of sensors provided the best discrimination of activities into specific categories. Performance of individual sensors was not reported, but when using just two sensors the combination of wrist and thigh worked best. Atallah and colleagues used 13 features extracted from the raw triaxial accelerometer signal to determine optimal features and sensor location for activity group discrimination (7 sensor locations, 11 subjects, 15 activities). For very low levels of activity (lying still) and moderate-intensity the wrist was a good location for precision of activity identification, but generally did less well than the sensor at the waist for identifying low-and high-intensity activities. Overall it appears that the precision for identifying activity categories was in the 60%-80% range for data collected at the wrist (exact values not provided). The authors indicated that their approach had high computational costs, especially when using all 13 features extracted from the signal. In a study by Ruch and colleagues (37) involving 41 boys and girls wearing a biaxial accelerometer (Actigraph GT1M) on the hip and wrist during free-living activities, they found extracting features from both accelerometers provided better activity classification than from either location alone. No comparison was made between the hip and wrist sensors to identify activity categories.
A relatively new triaxial accelerometer designed to be worn on the wrist (GENEA, Actinsights Ltd. Kimbolton, United Kingdom) has been tested for its ability to provide physical activity classification in adults (12, 45) and youth (32) . In an evaluation of the GENEA worn on both wrists and at the hip in 60 middle-aged men and women who performed 10-12 semi-structured physical activities the accelerometers all performed exceptionally well in assigning activities into intensity categories (12) . For both wrists and the hip accelerometer, the area under the ROC curve was >0.90 when separating activities into sedentary, light, moderate and vigorous intensity categories except for the right wrist where the values were 0.84 for separating moderate from light and 0.89 for separating vigorous from moderate intensity. These values are higher than the results from other studies for either hip or wrist. These high values may, in part, be explained by the selection of test activities (8 activities were ambulation), and the changing of the lower intensity threshold for moderate intensity activity from 3.0 to 4.0 METs and for the lower threshold for vigorous intensity from 6.0 to 7.0 METs. In a GENEA validation study in 44 children wearing accelerometers on both wrists and the hip while performing 8 activities similar results were obtained with areas under the ROC curves for separating activity categories in the range of 0.92 to 0.97 (32) . Again, activity selection is likely one reason for the high level of prediction accuracy.
Zhang and colleagues evaluated the ability of raw data from the triaxial GENEA accelerometer worn on the wrist or hip to identify sedentary activities, walking, running and household activities in adults (N= 50, 10-12 activities, 11 features of the signal). Using Decision Tree algorithms to classify activities into the 4 categories, data from both the waist and wrist showed exceptionally high classification accuracy with overall accuracy for the right wrist being 95% and 99% for the waist with the area under the curve for the ROCs for each of the 4 categories all exceeded 0.95. These are extremely high values compared to the results of our study and of other studies that have used either summary data (counts) or raw data from the waist, hip or other location. (2, 15, 37, 40) . These very high values for activity type classification are due, at least in part, to the activity selection for each category. It is very apparent that the accelerometer signal from the wrist will be quite different when lying, sitting or standing still (sedentary category) from all the other activities, and that walking and running with the arms swinging freely involving 5 or 6 activities per subject will be different from the 2 household (non ambulatory) activities (6) . Although cross-validation was used in testing, the study did not use leave-one-subject-out cross validation (personal communication) and this would likely decrease this predictive power somewhat.
Comparison across studies of the strength of prediction of activity type or intensity by accelerometry is difficult because these associations are strongly influenced by the specific activities included in the evaluation.
In the current study, both the hip and the wrist performed quite poorly for correctly identifying MVPA. While the accuracy of neither of these estimations is very good, there are known problems with establishing intensity thresholds, such as activities that fall near the thresholds are easily misclassified. Because time performing MVPA is often the measure of activity used in epidemiological studies, a <50% accuracy in classification on the wrist is probably unacceptable. These numbers are fairly low partly because activities near the 3.0 MET threshold were selected specifically to see if MVPA could be teased out of activities that are in the 2.5-3.5 MET range. Eslinger and colleagues (13) partly avoided this challenge by changing the threshold from 3.0 to 4.0 METs. Although epidemiological studies have obtained positive results using MVPA thresholds to classify participants into categories of physical activity and relating it to health outcomes (20) , this same approach may perform less well when data are collected from the wrist.
Sedentary Behavior
Measurement of sedentary behavior with accelerometers is a relatively new field of research with few calibration studies reported (26, 35) . Early definitions of sedentary behavior using accelerometry at the hip was set at <100 Actigraph counts/minute (19) . Establishing sedentary behavior with an accelerometer would seem to be easy because a lack of movement should accompany sedentary behavior. At the hip, the calibration can be complicated by sitting or standing activities that use just the arms, or sitting activities that use just the legs with little or no movement of the waist (cycling). Also, if a person is sedentary but riding in a car some movement frequently is registered. Thus, a wide range of activities not frequently used to establish thresholds for MVPA are needed for establishing a threshold for sedentary behavior using accelerometers. At the wrist, motion can be quite high with little or no increase in AEE. Also, there is greater inter-person variability in wrist movements during sedentary behavior, resulting in more misclassification (e.g., some people talk with hands and wrists remaining still while others constantly are moving their hands and wrists). So far the ability to determine sitting from standing using accelerometers on the waist or wrist has not been demonstrated. Zhang and colleagues (45) have demonstrated the possibility that more advanced analytical techniques using raw data from an accelerometer on the wrist may provide good classification of activities into broad categories, but accurate identification of sedentary behavior in real-life settings is yet to be established.
Study limitations
The predictions of AEE from both hip and wrist data in this study are very likely higher than what would be obtained in free-living or naturalistic conditions. Both within and between person variations in the accelerometer signal for a specific activity were minimized as a result of standardized protocols and close researcher monitoring (37) . Also, all AEE predictions used data obtained during "steady state" conditions, and when the duration of a task is short with rapid transitions in motion and posture, both within and between person variation in how tasks are performed day to day will increase. Generalizability of our results is limited by the lack of subjects who were obese and few activities in the vigorous intensity category (≥6 METs). Since this study was part of a project for the development and evaluation of new wireless sensors and mobile phones for data collection, we used Wockets instead of the Actigraph or other commonly used activity monitors.
Study Strengths
Study strengths included the evaluation of men and women over a wide age range and the use of a variety of activities that are typical of activities performed by many adults. The activities were carefully selected to represent both common activities and activities that are known to challenge this type of analysis, including cycling and lifestyle activities such as painting a wall and scrubbing a floor. Activities near the MET thresholds were chosen to evaluate the challenging task of accurately classifying activity intensity and identifying sedentary behavior, light-intensity activity and MVPA. Another strength of this study is the technology developed over the course of the evaluation of the Wockets. Custom software and equipment was built so that we could annotate, time-sync and visually review data from a variety of sensors second-by-second. These new technologies are available as open source tools for researchers.
Conclusions
Based on the results of this study, it appears that the use of accelerometer-based data collected from the wrist presents unique challenges in classifying activities into type and intensity categories and estimating AEE. More specifically, the hip outperforms the wrist in simple linear regression, two-regression AEE prediction models, and classifying activities into sedentary, ambulation, and MVPA categories. Future directions for this type of research should be to explore additional features of the wrist accelerometer signal and to conduct calibration studies using data collected in naturalistic settings. As suggested by Liu and colleagues (27) in their review of computational methods for estimating PAEE in humans, advanced approaches for feature extraction and analysis of the raw accelerometer signal will increase the accuracy and reliability of predicting activity type and intensity and estimating AEE. While the compliance to the protocol may improve with a wrist compared to a waist/ hip accelerometer, it appears that there are challenges for using wrist accelerometer data for the traditional epidemiological variables such as time spent in MVPA or sedentary behavior, or estimating AEE, and this should be considered when selecting a data collection protocol for addressing a specific research question. Receiver operating characteristic curves for identifying sedentary behavior from the A) hip and wrist including all activities. There is little change in the ability to identify sedentary behavior when cycling is removed from the B) hip and wrist activities. The differences between the two curves are significant (p<.0001) for both A) and B). Receiver operating characteristic curves for identifying ambulatory activities from the A) hip and wrist including all activities. There is little change in the ability to identify ambulatory activities when cycling is removed from the B) hip and wrist activities. The differences between the two curves are significant (p<.0001) for both A) and B). Bland-Altman plots showing the differences between measured and predicted METs for the A) hip and B) wrist prediction models including all non-sedentary activities. There are significant improvements in prediciton when cycling is removed for both the C) hip and D) wrist models.
